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ABSTRACT 
Additive manufacturing (AM) process stability is critical for 

ensuring part quality. Model Predictive Control (MPC) has been 

widely recognized as a robust technology for controlling 

manufacturing processes across various industries. Despite its 

widespread use, there has been limited exploration into the 

application of real-time MPC for controlling the laser powder 

bed fusion (LPBF) AM process through in-situ process 

monitoring. This paper presents a new framework designed to 

develop MPC strategies for real-time LPBF control. The 

framework accommodates various multi-scale approaches, 

including pointwise, trackwise, layerwise, and partwise 

methods. This framework considers the diverse needs for 

material state representation when formulating predictive 

models, constraints, and objective functions while allowing for 

predictive control implementation at different scales and 

frequencies. The utility of this framework is demonstrated 

through three trackwise MPC case studies, all employing high-

speed co-axial melt pool imaging. Simulation results indicate 

that LPBF systems enhanced with MPC achieve superior 

performance compared to those governed by open-loop control 

systems. Additionally, we find that MPC implementations that 

utilize feedback control at finer scales provide improved process 

stability, albeit at the expense of increased computational 

demands. This framework serves as a guide for industrial 

practitioners, outlining how the implementation of MPC in AM 

process control can be optimized based on available in-situ 

sensing capabilities and data acquisition techniques. 

Keywords: additive manufacturing, model predictive control, 

multiscale process modeling, powder bed fusion  

1. INTRODUCTION
Ensuring process stability in additive manufacturing (AM)

is critical for part quality assurance. Various defects formed 

during AM processes lead to different quality issues. In-situ 

sensing techniques are increasingly employed, with data 

analytics applied to draw connections between specific 

indicators of the process (referred to as "process signatures") and 

the quality of parts. Process signatures in this context can include 

thermal measurements, melt pool size, and layer uniformity. 

Research into these signatures obtained from laser powder bed 

fusion (LPBF) monitoring systems has shown that many quality 

issues, such as porosity and surface roughness, can be detected 

at different scales during the building process [1, 2]. Thus, 

controlling these process signatures—by maintaining consistent 

melt pool temperatures and ensuring even powder distribution, 

for example—could enhance process stability, defined here as 

the ability to produce consistent results under the same 

conditions. Consequently, this leads to higher-quality parts, 

meaning parts with fewer defects and improved mechanical 

properties. Recent AM studies have shown a growing interest in 

improving process control by incorporating in-situ sensing 

feedback within different AM processes. There has been a 

notable emphasis on implementing sophisticated control 

strategies to refine performance, improve quality, and ensure the 

reliability of AM products. Xia et al. [3] implemented a Model 

Predictive Control (MPC) algorithm to enhance layer width 

control in Wire Arc Additive Manufacturing (WAAM), 

demonstrating superior tracking performance and robustness 

over traditional PID controllers. Similarly, Lee and Prabhu [4] 

applied simulation modeling through the Finite Difference 

Method (FDM) to optimize processes. Their method focuses on 

dynamic control in laser-based methods to advance 

computational models for process control.  

Kruth et al. [5] contribute by evaluating the performance and 

quality of selective laser melting and cutting processes. They 

utilized online monitoring of electromagnetic radiation to 

highlight the critical role of process control techniques. Craeghs 

et al. [6] focused on integrating real-time monitoring systems 

and visual inspection within Selective Laser Melting (SLM) 
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machines to facilitate online quality control. This work is 

complemented by Wang et al. [7] and Druzgalski et al. [8], who 

explored model-based and feedforward control approaches, 

respectively, to optimize laser power and processes in the LPBF 

process, aiming to improve melt pool dimension control. 

Shkoruta et al. [9] and Lapointe et al. [10] both emphasized 

the importance of real-time control systems and machine 

learning in regulating melt pool signatures and optimizing 

process parameters in LPBF, demonstrating the potential for 

empirical modeling, feedback control, and predictive 

optimization. 

Papacharalampopoulos et al. [11] investigated adaptive 

control in laser processing, including AM, by focusing on the 

melting, solidification, and cooling phases, utilizing empirical 

calibration for control laws to adjust the laser power parameter 

based on the depth and width of the melt pool. Similarly, Yeung 

et al. [12] utilized part geometry and laser power control to 

optimize the fabrication of overhanging structures in LPBF AM, 

highlighting the significance of precise control strategies for 

complex part production. Jason et al. [13] discussed the 

requirements for model-based thermal control in LPBF 

processes, exploring signature-derived and feedback control 

approaches to ensure stable melt pool geometries, underscoring 

the critical role of control strategies in maintaining consistent 

quality. 

Existing studies have predominantly addressed individual 

control challenges within AM, predicated on certain in-situ 

sensing technologies [14]. However, there needs to be more 

comprehensive guidelines for selecting the best strategy to 

achieve closed-loop control in AM processes. These include 

determining which process signature to monitor, the appropriate 

scale at which the control loop should be closed, and the ideal 

frequency of control applications. This paper introduces a 

groundbreaking MPC framework designed to forge scalable 

closed-loop strategies for real-time control of LPBF. For 

example, control inputs might include laser power, scanning 

velocity, and spot diameter; process signatures could involve 

melt pool size, shape, and temperature; and outputs could be the 

resulting part dimensions and material properties. This 

framework provides a structured approach for industrial 

practitioners, delineating how to tailor MPC implementation in 

AM process control to the in-situ sensing capabilities and data 

acquisition methods. 

The structure of the paper is as follows: Section 2 presents 

the multi-scale MPC framework tailored for LPBF AM process 

control. Section 3 demonstrates the application of this 

framework with case studies focused on track-scale closed-loop 

control. Section 4 discusses the outcomes of employing MPC in 

the LPBF process control. Finally, Section 5 concludes the paper 

and presents insights into future work in this area. 

 

2. MULTI-SCALE MPC FORMULATION FOR THE 
LPBF PROCESS 
In this section, we introduce a novel framework for 

developing MPC strategies for real-time LPBF control. This 

framework outlines the essential components required to 

implement MPC, tailored to accommodate the unique 

characteristics of the AM process. As shown in Figure 1, MPC 

utilizes a predictive model to forecast future outputs 𝑦 based on 

the current state 𝑧 , control inputs 𝑢 , and reference 𝑤 . The 

optimizer solves an optimization problem to find a sequence of 

control inputs 𝑢  that minimizes the deviation between 

predicted outputs 𝑦 and the reference 𝑤, thereby minimizing a 

cost function, specifically the L2 norm of the error between the 

predicted and actual outputs. This process involves predicting 

future states and outputs, optimizing control actions while 

considering constraints, and dynamically adjusting  𝑢 based on 

real-time feedback to maintain process performance. Throughout 

the paper, the term "cost function" will be used consistently to 

refer to this optimization criterion. 

 

 
FIGURE 1: GENERAL MPC FRAMEWORK [15] 

 

From the framework shown in Figure 1, core components 

encompass a state representation, a predictive model, an 

optimizer, and a control strategy. State representation involves a 

mathematical model that encapsulates the current condition of 

the process at various operational scales. It represents the 

system's dynamics and constraints in a form that can be analyzed 

and optimized. The predictive model utilizes the state 

representation to forecast future states of the process based on 

current and past inputs. This model captures the system's 

dynamic behavior, enabling the MPC to anticipate the outcomes 

of different control actions. The optimizer, which takes into 

account the objective function and constraints, uses the 

predictions from the predictive model and the feedback from the 

system output 𝑦(𝑡) to determine the optimal control actions 

𝑢(𝑡)  by minimizing or maximizing a predefined objective 

function. This process balances the goals of maintaining part 

quality—defined in terms of measurable quantities such as 

porosity, dimensional accuracy, and surface roughness—

adhering to process constraints, and optimizing performance. 

Finally, the control strategy is the method to build the structure 

with the state, predictive model, and optimizer for the control 

process. 

 

2.1 Multi-scale state representation in LPBF 
In the LPBF domain, the complexity and precision of the 

manufacturing process necessitate a granular modeling and 

control approach. To effectively navigate the complexities of 

LPBF, a structural model of state and control is essential. State is 

the variable that describes physical attributes at a specific 

location. State includes the aspects of melt pool geometry, layer 

thickness, and temperature distribution. Moreover, the control 
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input vector represents factors affecting the state and process 

dynamics. This vector includes laser power, scan speed, hatch 

spacing, laser beam diameter, laser beam distribution profile, and 

tool path pattern [16]. 

The scale of state and control can be categorized into parts, 

layers, and inner layers [16]. Our framework adopts a similarly 

stratified approach but extends it specifically for the MPC. In our 

adapted model, we delineate the process into three distinct 

scales: layerwise, trackwise, and pointwise, each critical for 

understanding and controlling the LPBF process at varying 

levels of detail. This representation is crucial for the 

development of a comprehensive control strategy that ensures 

the quality and integrity of the final AM parts. 

 

 
 

FIGURE 2: MULTI-SCALE STATE REPRESENTATION OF THE 

LPBF PROCESS [16] 
 

Reflecting on the idea that the part state 𝑋  can be 

segmented into multiple layer states with a corresponding set of 

control variables defined for each layer, our discussion begins 

with an analysis at the layerwise scale.  

As represented by Equation (1), this first scale focuses on 

the macro aspects of the LPBF process. Here, the layer scale state 

𝑥𝑙  represents the attributes of individual layers that cumulatively 

constitute the part, such as layer thickness and uniformity. In this 

context, a layer is defined as the powder layer thickness applied 

during each pass of the laser. In this scale, control 𝑢𝑙 represents 

the control for each layer, such as the speed of the recoater, which 

impacts the consistency with which powder layers are applied. 

 

 𝑋 = {𝑥1, 𝑥2, … , 𝑥𝐿−1, 𝑥𝐿} 
(1) 

𝑈 = {𝑢1, 𝑢2, … , 𝑢𝐿−1, 𝑢𝐿} 

 

Progressing to a more detailed examination, second scale 

focuses on the trackwise scale, smaller scale than the layer. 

Trackwise scale 𝑋𝐿  and 𝑈𝐿 , introduced by Equation (2). 

analyzes the individual tracks created by the laser movement 

across the powder bed. This mid-level perspective is essential for 

assessing how adjacent tracks meld. State factor 𝑥𝑙,𝑘  that is 

crucial for securing optimal material fusion. Consequently, the 

mechanical properties of the part. The manipulation of laser 

power and scanning speed serves as key control variables 

represent as 𝑢𝑙,𝑘 at this scale, influencing the dimensions and 

overlap of melt pools, thereby shaping the fusion quality 

between tracks. 

 

 

 𝑋𝐿 = {𝑥𝐿,1, 𝑥𝐿,2, … , 𝑥𝐿,𝐾−1, 𝑥𝐿,𝐾} 
(2) 

𝑈𝐿 = {𝑢𝐿,1, 𝑢𝐿,2, … , 𝑢𝐿,𝐾−1, 𝑢𝐿,𝐾} 

 

Consider the finest level of detail, Equation (3), focuses on 

the microstructural characteristics that are present at specific 

points within a track. Pointwise scale is essential for tailoring the 

microstructural properties 𝑥𝑙,𝑘,𝑚 of the material, such as grain 

size and porosity, which are determinants of the mechanical 

strength and durability of the final part. At this phase, the precise 

control 𝑢𝑙,𝑘,𝑚 of laser focus and power modulation enables the 

adjustment of thermal gradients and cooling rates at specific 

locations, shaping the material's microstructure during the 

melting and solidification phases. 

 

 𝑋𝐿,𝐾 = {𝑥𝐿,𝐾,1, 𝑥𝐿,𝐾,2, … , 𝑥𝐿,𝐾,𝑀−1, 𝑥𝐿,𝐾,𝑀} 
(3) 

𝑈𝐿,𝐾 = {𝑢𝐿,𝐾,1, 𝑢𝐿,𝐾,2, … , 𝑢𝐿,𝐾,𝑀−1, 𝑢𝐿,𝐾,𝑀} 

 

In Section 2.1, we define the representation of state and 

control variables through Equations (1), (2), and (3). 

Subsequently, in Section 2.2, we adopt a consistent notation for 

representing these relationships, denoted as 𝑥(𝑡) and 𝑢(𝑡). In 

the context of control theory applied to monitoring data, each 

𝑥(𝑡) signifies the state at time 𝑡, whereas 𝑢(𝑡) represents the 

corresponding control action at time 𝑡. For the framework, we 

assume the existence of an aligning function that maps the 

monitoring data onto the state representation. Through this 

aligning function, melt pool monitoring data at data point 𝑖 can 

be matched to the state 𝑥𝑖(𝑡). Appropriate melt pool monitoring 

data alignments to the process parameters, part inspection, and 

testing data is essential to achieve the requirements [17]. This 

correspondence, we assume the above functions encompassing 

both observed and unobserved properties of the system, is 

encapsulated by a designated function. 

 

2.2 Predictive model 
Equipped with a mathematical representation of the system's 

dynamics as a predictive model, the MPC can predict and control 

the LPBF process. Predictive model is fundamentally expressed 

through equations that describe how the current state 𝑥𝑖(𝑡) at 

the point 𝑖, influenced by control actions 𝑢(𝑡), evolves into the 

next state 𝑥𝑖+1(𝑡 + 1) at the point 𝑖 + 1. The initial form of 

this relationship can be generalized as Equation (4), highlighting 

the direct impact of current decisions on future outcomes. The 

impact, represent as the predictive model 𝑓 maps the previous 

state to the future state with the control action. 

 

𝑋𝑖+1(𝑡 + 1) = 𝑓(𝑋𝑖(𝑡), 𝑈(𝑡)) (4) 

 

In the specific context of LPBF, the complexity of the 

process demands that the model accounts for unmeasurable and 

uncontrollable fixed parameters, denoted as 𝐷0 . These are 

inherent properties or conditions that remain constant over short 

time frames and significantly affect the process dynamics, and 

work as disturbance. These parameters could include aspects like 
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the powder bed's thermal conductivity or the ambient 

temperature in the manufacturing environment. Recognizing the 

influence of such fixed parameters, the model is refined as 

Equation (5), acknowledging that the future state is also a 

function of considering 𝐷0. 

 

𝑋𝑖+1(𝑡 + 1) = 𝑓(𝑋𝑖(𝑡), 𝑈(𝑡), 𝐷𝑖+1
0 (𝑡)) (5) 

 

However, this enhanced model still needs to fully 

encapsulate the spatial intricacies and the temporal dependencies 

that characterize the LPBF process. Specifically, the LPBF 

process exhibits significant neighboring effects. The state of a 

point 𝑋𝑖+1(𝑡 + 1) is influenced not only by the applied control 

actions and inherent parameters but also by the conditions of 

neighboring points. This effect is particularly evident in 

phenomena such as remelting or thermal diffusion, where the 

heat applied to one area affects the properties of overlapping 

areas. Therefore, to model the LPBF process accurately, these 

neighboring effects must be integrated, leading to a more 

comprehensive formulation as Equation (6). This Equation 

captures the essence of the LPBF process, where the future state 

is a complex interaction of control actions, inherent process 

parameters, and the influence of neighboring states 

𝑋𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠(𝑡). 

 

𝑋𝑖+1(𝑡 + 1) = 𝑓(𝑋𝑖(𝑡), 𝑈(𝑡), 𝐷𝑖+1
0 (𝑡), 𝑋𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠(𝑡)) (6) 

 

Also, the framework needs the function that defines how the 

outputs 𝑌(𝑡) of the system are generated from the current state 

and the control input. Function 𝑔 maps the current state and 

control to the output as the Equation (7). 

 
𝑌(𝑡) = 𝑔(𝑋𝑖(𝑡), 𝑈(𝑡)) (7) 

 

In addition, state transition by future control and temporal 

evolution has to be considered in control framework. Through 

the LPBF process, overlapped region of the melt pool remelted 

at the future scale. It means the control 𝑈(𝑡) affects to the not 

only 𝑋𝑖+1(𝑡 + 1) but also 𝑋𝑖(𝑡 + 1) [18]. And temporal 

dynamics, there are time-dependent processes such as cooling 

affect the 𝑋𝑖  at the future observation [19]. These effects are 

related to the lapsed time ∆𝑇ℎ  due to cooling rate or another 

parameter. Lapsed time between observation can be decided by 

the prediction horizon ℎ. Equation (8) represents the transition 

function 𝑝  of state 𝑋𝑖(𝑡)  to 𝑋𝑖(𝑡 + ∆𝑇ℎ)  considering the 

affect of future control and temporal evolution.  

 

𝑋𝑖(𝑡 + ∆𝑇ℎ) =  𝑝(𝑋𝑖(𝑡), 𝑈(𝑡 + ∆𝑇ℎ), ∆𝑇ℎ) (8) 

 
2.3 Optimizer 

As shown in Figure 1, the optimizer consists of objective 

functions and constraints. The optimal control output derived to 

minimize/maximize the objective function satisfies the 

constraints. The objective function guides the optimization of 

control actions to achieve specific goals. The objective function 

(𝑂𝑏𝑗.) is designed to minimize a cost function 𝐽, which can vary 

depending on a reference state 𝑅(𝑡) and the specific 

requirements of the LPBF process. When a reference state is 

available, indicating an ideal or target condition for the 

manufacturing process, the objective function is formulated to 

minimize the system output 𝑌𝑖+1(𝑡 + 1)  deviation from this 

reference state. This relationship is captured in the objective 

formulation as Equation (9). 

 

𝑂𝑏𝑗. = 𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝐽(𝑌𝑖+1(𝑡 + 1), 𝑅(𝑡), 𝑈(𝑡)) (9) 

 

In scenarios where a reference state is not defined, the 

objective function optimizes the process based on its inherent 

characteristics. One of the most critical considerations in this 

step is recognizing the proper objective. Each scale has a 

different observation and control purpose. Lack of Fusion is 

usually considered an indicator at the layer-to-layer step. 

However, the final state representation considers keyhole 

defects. The function reflects the state under these specific 

conditions, emphasizing process optimization based on 

observable outcomes rather than adherence to a predefined 

target. 

Additionally, one critical aspect of the objective function is 

including a term to account for the 'change rate of control,' which 

is essential for ensuring smooth transitions and avoiding abrupt 

changes in control actions. Each control at the point 𝑖 + 1  is 

defined as vector 𝑈𝑖+1(𝑡). Change rate of control defined as the 

size of difference vector ∆𝑢. ∆𝑢 is the difference vector of the 

elements of 𝑈𝑖+1(𝑡)  and represent the difference between 

control action of consequence point. For the prediction horizon 

ℎ  and weighting coefficient 𝜆  for the balance importance 

between the objective function and the change rate of control 

represented as Equation (10). This addition encourages the 

optimization process to prefer solutions that entail gradual 

changes, enhancing the system's stability and operational 

feasibility. 

 

 𝑈𝑖+1(𝑡) = (𝑢𝑖+1(𝑡), … , 𝑢𝑖+ℎ(𝑡)) 

(10) ∆𝑢 = (𝑢𝑖+2(𝑡) − 𝑢𝑖+1(𝑡), … , 𝑢𝑖+ℎ(𝑡) − 𝑢𝑖+ℎ−1(𝑡)) 

𝐶ℎ𝑎𝑛𝑔𝑒 𝑟𝑎𝑡𝑒 𝑜𝑓 𝑐𝑜𝑛𝑡𝑟𝑜𝑙 =  𝜆‖Δ𝑢‖2 

 

Combining these elements, the general formulation of the 

objective function integrates both the drive towards a reference 

state or state itself and the intrinsic process characteristics, along 

with a consideration for the smoothness of control actions. The 

comprehensive objective function can be represented as 

Equation (11). 

 

𝑂𝑏𝑗 = 𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝐽(𝑌𝑖+1(𝑡 + 1), 𝑅(𝑡), 𝑈𝑖+1(𝑡)) + 𝜆‖Δ𝑢‖2 (11) 

 

Constraints are indispensable in ensuring that the control 

actions and resultant states adhere to operational and safety 

standards. They can be broadly categorized into two groups: 

those related to maintaining part quality and those defining the 

permissible range of control variables. Constraints related to part 
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quality might include defect on overmelting, lack of fusion, or 

penetration depth, ensuring the manufactured part meets quality 

standards. Function 𝐺  defines the relationship of defect and 

observation. Constraints of 𝑈  and ∆𝑢  represent the 

permissible range of control variable and change rate of control. 

Equation (12) shows the general representation of the 

constraints. 

 

 𝐺(𝑋𝑖+1(𝑡), 𝑋𝑖(𝑡)) ≥ 0 

(12) 𝑈𝑚𝑖𝑛 ≤ 𝑈 ≤ 𝑈𝑚𝑎𝑥 

∆𝑢𝑚𝑖𝑛 ≤ ∆𝑢 ≤ ∆𝑢𝑚𝑎𝑥 

 

The optimal control action is derived by leveraging these 

integrated elements. From this, the optimizer effectively handles 

the complex decision space of the LPBF process. By balancing 

objectives with operational constraints and leveraging the 

predictive capacity of the predictive model, the optimizer 

facilitates the selection of control actions that optimize process 

performance while adhering to predefined standards and 

limitations. 

 

2.4 Multi-scale MPC strategy 
2.4.1 Prediction horizon 

Determining the appropriate prediction horizon is crucial in 

MPC strategy development, directly impacting performance and 

computational efficiency. This horizon explains the future time 

frame for predicting the system's response to control inputs, 

balancing forecasting accuracy with computational feasibility 

for real-time operation. An optimal prediction horizon ensures 

effective management of system dynamics, enabling precise 

adjustments to future states while maintaining the practicality of 

real-time control.  

In the LPBF process, the determination of the prediction 

horizon must account for the differing time durations 

characteristic of each operational scale. These variations present 

unique challenges and considerations for both control 

mechanisms and state predictions within a framework. 

Macroscopic scale control can provide a simpler real-time 

implementation due to its duration between controls. However, 

microscopic scale control allows for highly precise control 

targeting specific needs at each moment. 

 

2.4.2 Control strategy 
A model predictive controller can be systematically 

designed through the formulation explained in sections 2.1 to 

2.3.1. At the outset, for a given scale of interest, the initial state 

at observation points 0 at time 𝑡  is denoted as 𝑋0(𝑡) . 

Progressing to the subsequent step, given variable 𝐷𝑖+1
0  have to 

be estimated to facilitate the resolution of the optimization 

problem as defined in Equations (9) and (10). Direct observation 

or applying Equation (13) can do this estimation process. 

 

 𝐷𝑖
0 = 𝑓−1(𝑋𝑖(𝑡)|𝑈(𝑡), 𝑋𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠) 

(13) 
𝐴𝑠𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛: 𝐷𝑖

0 ≈ 𝐷𝑖+1
0  

 

Following this, the optimization problem is addressed by 

utilizing the predictive model outlined in Equation (6). For the 

next step, refining the prediction based on feedback is crucial. A 

performance indicator, derived from comparing the output 

𝑦𝑖+1(𝑡)  from the controller with 𝑅(𝑡)  from the observed 

trajectory, serves as a component for this feedback. Inverse form 

of predictive model 𝑓−1 used to estimate the unmeasurable 𝐷𝑖
0 . 

Factors such as material specifications, process specifications, 

and the type of output data have to be considered to define this 

performance indicator. The estimated feedback term is then 

adapted within the closed-loop, which comprises the optimizer 

and the predictive model, ensuring the generation of precise 

results. 

  
3. TRACKWISE MPC FORMULATION FOR THE LPBF 
PROCESS 

In this section, our research illustrates a general framework 

through case studies emphasizing track-scale closed-loop 

control. When implementing this in an industrial setting, it is 

crucial to consider the temporal resolution between control 

points. Pointwise control, for example, faces challenges due to 

the extremely short intervals required between control points, 

complicating its deployment. Furthermore, the computational 

and operational demands of managing numerous control points 

in large-scale applications may lead to inefficiencies or delays. 

In contrast, layerwise control might provide a different level of 

detailed control, potentially missing microscale defects such as 

porosity, micro-cracks, and variations within a layer.  

Although trackwise control presents challenges, it offers a 

balance by addressing the abovementioned micro-scale and 

macro-scale issues. Optimizing the prediction horizon can 

mitigate computation-related limitations. Moreover, designing 

the optimizer to account for various potential defects originating 

at the track scale can enhance the efficacy of this control strategy. 

 

3.1 Considerations for effective trackwise control 
implementation 

Implementing trackwise control necessitates a thorough 

grasp of its unique characteristics and inherent challenges. One 

defining feature is the scan pattern, guiding the laser's path during 

powder melting. Trackwise control offers flexibility through 

various scan patterns like hexagonal, concentric, one-directional, 

or bi-directional [20], each influencing specific manufacturing 

characteristics. Another critical consideration is the hatch 

distance between adjacent tracks, which impacts melt pool 

overlap, thermal behavior, and, ultimately, the microstructure. 

Deciding this distance in the design phase is crucial to achieving 

desired material properties and avoiding defects like cracking or 

porosity. 

Furthermore, trackwise control demands careful attention to 

melt pool overlap, where adjacent scan lines interact with 

partially melted material from previous passes. This overlap 

significantly affects heat transfer and solidification dynamics, 

potentially leading to unwanted variations in microstructure and 

properties. Accurately accounting for and controlling this overlap 

requires advanced modeling and control algorithms, adding 
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complexity to the overall process. This understanding is a starting 

point for exploring diverse multi-scale MPC formulations in 

subsequent sections, each designed to address the unique 

demands of specific trackwise control scenarios. 

 

 
FIGURE 3: SCHEMATIC REPRESENTATION OF TRACKWISE 

SCENARIO 

 

3.2 MPC Formulations for trackwise control cases 
3.2.1 Case 1 

Case 1 is the most simplistic case of control. Control variable 

𝑃, which means the laser power has the uniform value for each 

track. And we use the width 𝑤𝑘,𝑚 of melt pool at track 𝑘, point 

𝑚  to represent the state 𝑋𝑘 . Equation (14) shows the state 

representation of each track 𝑘. 

 
𝑋𝑘 = 𝑚𝑖𝑛𝑚𝑤𝑘,𝑚 (14) 

 
Designing the optimizer considers the resource usage, which 

is indicated by the laser power for the objective. And the melt 

pool overlaps for the constraints. Equation (14) is the formulated 

optimization problem for case 1. For the formulation weight 

parameter 𝛽 and variable 𝑚′  is used. Overlapping parameter 

𝛽 is used for determining the minimum overlapping region. So, 

the two horizontally nearest point overlap 𝛽 − 1 of their own 

melt pool and the 𝛽  have a value larger than 1. 𝑚′  is the 

auxiliary variable to align the melt pools in the nearest track 

horizontally. So, the m' used in the Equation (15) satisfy the 

relationship of 𝑚′ = 𝑀 + 1 − 𝑚. 

 
 𝑂𝑏𝑗 = 𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 |𝑋𝑘 + 𝑋𝑘+1| 

(15) 
𝑠. 𝑡. 𝑚𝑖𝑛𝑚(

𝑋𝑘

2
+

𝑋𝑘+1

2
) > 𝛽𝐻 

𝑃𝑚𝑖𝑛 ≤ 𝑃 ≤ 𝑃𝑚𝑎𝑥 

𝑉min ≤ 𝑉 ≤ 𝑉𝑚𝑎𝑥 

 
For the simple model, the predictive model only considers the 

laser power and scan speed as denoted at Equation (16) 

 
𝑤(𝑘, 𝑚) = 𝑓(𝑃, 𝑉) (16) 

 

3.2.2 Case 2 
The biggest difference between case 1 and 2 is the control 

strategy. In case 2, control contains the vector of laser power for 

each point of track 𝑘 + 1. Therefore, we define the state 𝑋𝑘 

and control 𝑈 as vectors, as shown in Equation (17). 

 

 𝑋𝑘 = (𝑤𝑘,1, … , 𝑤𝑘,𝑀) (17) 

𝑈 = (𝑃𝑘,1, … , 𝑃𝑘,𝑀) 

 

To reflect the characteristic of point-scale, the objective 

function needs to be modified. Also, constraints for control 

variables as Equation (10) needs to be added. A modified 

formulation of the optimization problem is shown in Equation 

(18). Finally, in case 2 we use the same predictive model as case 

1. 

 

 𝑂𝑏𝑗 = 𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 ∑|𝑤𝑘,𝑚 + 𝑤𝑘+1,𝑚| 

(18) 
𝑠. 𝑡. 𝑚𝑖𝑛𝑚(

𝑤𝑘,𝑚

2
+

𝑤𝑘+1,𝑚

2
) > 𝛽𝐻 

𝑃𝑚𝑖𝑛 ≤ 𝑃 ≤ 𝑃𝑚𝑎𝑥 

𝑉min ≤ 𝑉 ≤ 𝑉𝑚𝑎𝑥 

∆𝑃𝑚𝑖𝑛 ≤ ∆𝑃 ≤ ∆𝑃𝑚𝑎𝑥  

 

3.2.3 Case 3 
To realistically reflect the LPBF process and its control, our 

case studies must consider the time intervals of both the melt 

pool image acquisition and laser activation. The melt pool image, 

used to generate the state vector, is captured by the image 

scanner at a specific time interval. Similarly, each laser 

activation has its time interval. If the image acquisition interval 

is ten times larger than the laser interval, then 𝑤𝑘,1  in our 

formulation becomes 𝑓(𝑃𝑘,10, 𝑉𝑘,10), reflecting this difference 

in temporal resolution. In addition, predictive models have to 

consider not only laser power and scan speed but also the 

neighborhood effect, as explained in the earlier section. This 

neighborhood effect, denoted as 𝑋𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠 have the form of a 

vector to represent the state of the neighborhood as explained in 

Equation (6). Equation (19) and (20) represent the modification 

of case 3 with considering time variable. 

 

 𝑋𝑘(𝑡) = (𝑤𝑘,1(𝑡), … , 𝑤𝑘,𝑀(𝑡)) 

(19) 
𝑈(𝑡) = (𝑃𝑘,1, … , 𝑃𝑘,𝑀) 

𝑁

𝑀
=

𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑜𝑓 𝑙𝑎𝑠𝑒𝑟

𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑜𝑓 𝑖𝑚𝑎𝑔𝑒
 

 
𝑋𝑘+1(𝑡 + 1) = 𝑓(𝑋𝑡(𝑡), 𝑈(𝑡), 𝑋𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠(𝑡)) (20) 

 

4. RESULTS 
This section presents the simulated results for employing 

our MPC framework to trackwise control by Cases 1 and 2. 

These case studies employ idealized conditions to eliminate 

random errors and model uncertainties for simplicity. The 

simulations utilize melt pool width estimation using a simple 

polynomial regression model with three variables: laser power 

(P), scan speed (V), and an integrated thermal factor (𝜃). 

In this specific study, the scan speed is held constant at 800 

mm/s. This allows the melt pool width model to be simplified to 

two input variables: P and 𝜃 . The model is fitted based on 

previously measured results [21]. Figure 4 depicts the melt pool 

width distribution of that experiment, which utilized a varying 

laser power range from 50 W to 300 W. 
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FIGURE 4: MELT POOL WIDTH(MM) DISTRIBUTION 

 

The simplified melt pool width model used in both case studies 

is: 

 

𝑤 = 0.0000025𝑃2 + 0.00021𝑃𝜃 + 0.00225𝜃2 + 0.073 (21) 

 

Where 50𝑊 ≤ 𝑃 ≤ 300, and 𝜃 is between -1 to 1. 

 

This work strives to replicate a realistic experimental 

environment for control design purposes. Consequently, the 

following case studies mirror actual conditions based on existing 

experiments and an AM machine [22]. The initial laser power is 

set to 150 W with a constant scan speed of 800 mm/s. Hatch 

distance is maintained at 0.1 mm. Considering a sampling rate of 

10,000 Hz, the interval between two measured melt pool depths 

is 80 μm. 

The simulation employs a skywriting scan strategy with 

overshooting. The simulated area is a square region 

encompassing 20 scan tracks and 520 measured locations. Scans 

commence from the upper left corner and conclude at the upper 

right corner, signifying a left-to-right movement. An overlapping 

ratio of 50% is implemented, corresponding to a value of 1.5 (𝛽) 

in Equations (15) and (18). Both cases utilize the gradient 

descent method to reach the optimal solution. The step size is set 

to 5% of the laser power. 

The case study generated an 𝜃 field of the simulated region 

to represent the initial thermal conditions. This step introduces 

the randomness of the melt pool formation to test the control 

strategy. 

 

 
FIGURE 5: A GENERATED 𝜃 FIELD OF THIS SIMULATION 

 

Figure 5 depicts the simulated results calculated using 

Equation (21) with a constant laser power of 150 W. The melt 

pool width falls primarily within the range of 0.1 mm to 0.2 mm. 

Considering the 0.1 mm hatching distance, the visualization on 

the right side illustrates the overlapping ratio. 

 

 
FIGURE 6: MELT POOL WIDTH(MM) IF DEPLOYING A 

CONSTANT LASER POWER 150 W(LEFT). THE REMELTING 

RATIO (%) OF THE ENTIRE REGION(RIGHT) 

 

4.1 Case 1 Result 
Like the formulation of section 3, our case 1 uses the 

trackwise material state scale and constraints. Also, the control 

from the optimizer chooses the track scale. Moreover, we choose 

the prediction horizon as 1 for simplicity and illustrative 

purposes. Figure 7 presents the optimized laser power 

distribution for this case. The upper plot depicts the results at 

each control point across the entire region. Notably, data points 

corresponding to the overshooting area are suppressed, as the 

laser would be inactive in those regions. The lower plot 

illustrates the power-time relationship. 
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FIGURE 7: OPTIMIZED LASER POWER(W) OF CASE 1. 

POINTS OF THE FIELD(TOP) AND THE POWER-TIME 

PLOT(BOTTOM) 

 

Figure 8 shows the melt pool width distribution resulting 

from the optimized laser power profile. It is important to note 

that the first scan track remains unoptimized and retains its 

original parameters. Consequently, Figure 9 illustrates the 

overlapping ratio between scan tracks. Since this control strategy 

applies the same laser power to each track, certain areas with a 

higher desired overlapping ratio are caused by compensating for 

achieving the minimum overlapping ratio of such locations. 

 
FIGURE 8: FINAL MELT POOL WIDTH(MM) BY OPTIMIZED 

LASER POWER OF CASE 1 

 

 
FIGURE 9: OVERLAPPING CONDITION BY THE OPTIMIZED 

LASER POWER. COLORBAR SHOWS THE OVERLAPPING 

RATIO 

 

4.2 Case 2 Result 
Case 2 uses the trackwise material state scale, the same as 

case 1. However, constraints and control from the optimizer are 

used to choose the point scale. Also, we choose the prediction 

horizon as 1 for simplicity and illustrative purposes. Figure 10 

presents the optimized laser power distribution for this case. The 

upper plot depicts the results at each control point across the 

entire region. The lower plot illustrates the corresponding power-

time relationship. 

 
FIGURE 10: OPTIMIZED LASER POWER(W) OF CASE 2. 

POINTS OF THE FIELD(TOP) AND POWER-TIME 

PLOT(BOTTOM) 

 

Figure 11 and Figure 12 shows the melt pool width and 

overlapping condition, respectively. Since the power can be 
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optimized from point-to-point. The situation of oversized melt 

pool is significantly reduced. 

 

 
FIGURE 11: FINAL MELT POOL WIDTH(MM) BY OPTIMIZED 

LASER POWER OF CASE 2 

 

 
FIGURE 12: OVERLAPPING CONDITION BY THE OPTIMIZED 

LASER POWER. COLORBAR SHOWS THE OVERLAPPING 

RATIO (%) 

 

Figure 13 compares the statistics of the final overlapping 

conditions for all cases. The original power setting failed to 

maintain the overlap ratio above 50% consistently and exhibited 

the largest standard deviation. Case 1 effectively addressed the 

lack-of-fusion condition by ensuring a minimum overlap 

exceeding 50%. However, this approach also raised concerns 

about over-fusion, as the average overlap increased to 66.93%, 

with the highest value reaching 90%. Case 2, which involved 

modifying the power at each point, achieved an average overlap 

of 54.25% and the smallest standard deviation. Based on these 

results, Case 2 is the most successful approach, although it may 

incur a higher computational cost. 

 

 
FIGURE 13: STATISTICS OF THE OVERLAPPING 

CONDITIONS 

 

To evaluate computational cost, we benchmarked the 

simulations. This benchmark is significant for real-time control 

scenarios where processing windows can be brief. The 

benchmark test involved running each simulation ten times on 

the same Apple M2 computer (2.42 GHz, 16GB LPDDR5) using 

MATLAB 2022b. The results indicate that Case 2 requires, on 

average, double the computational time compared to Case 1. 

This result is likely due to the increased number of iterations and 

more frequent power modifications employed in Case 2. 

In contrast, Cases 1 and 2 optimized 19 tracks, with the first 

requiring no operation. The average operation time per track in 

Case 1 was 0.0018 s, whereas Case 2 required an average of 

0.0036 s per track. Considering the actual skywriting time on the 

AMMT system (approximately 0.0031 seconds, representing 

laser travel time between tracks when turned off), Case 1 is the 

more viable strategy from an operational standpoint. 

 

TABLE 1: AVERAGE COMPUTATIONAL COST 

 
Run time 

(s) 
Iteration Modification of P 

Case 1 0.0335 51 51 

Case 2 0.0688 74 624 

 

5. CONCLUSION 

In this paper, we have developed a multi-scale MPC 

framework tailored for the LPBF process. Framework considers 

the general components of the MPC, such as the optimizer and 

predictive model, across different operational scales. Also, the 

framework contains the specific characteristics of LPBF, such as 

the relationship between monitoring data and state and state 

transition over time through remelting and cooling. By 

integrating a generalized MPC formulation with a focus on the 

trackwise control model, our approach delineates a consideration 

for enhanced trackwise control over the LPBF process. Through 

simulated case studies, we have validated the effectiveness of our 

formulated MPC controller in optimizing laser power 

distribution, thereby demonstrating potential improvements in 

the AM process. This result suggests effective trackwise control 

strategies and verifies that our MPC framework can be used 

generally for multi-scale MPC. Future work will focus on 

developing guidance for the industrial implementation of MPC 
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in AM process control. This work will involve developing more 

advanced predictive models, including deep learning, 

investigating superior optimization methods, and exploring the 

optimal prediction horizon. Also, implementing a cost-benefit 

analysis for each point, track, layer, and part scale will provide 

computational insight into our framework. The goal is to develop 

a comprehensive MPC solution stack that will aid practitioners 

in determining the most suitable process signature to monitor and 

the most appropriate scale for closing the control loop. 

Additionally, it aims to identify the ideal frequency for applying 

control measures. Ultimately, the research is expected to guide 

industrial practitioners, outlining how the implementation of 

MPC in AM process control can be optimized based on available 

in-situ sensing capabilities and data acquisition techniques. 

 

DISCLAIMER 

Certain commercial systems are identified in this paper. 

Such identification does not imply recommendation or 

endorsement by NIST; nor does it imply that the products 

identified are necessarily the best available for the purpose. 

Further, any opinions, findings, conclusions, or 

recommendations expressed in this material are those of the 

authors and do not necessarily reflect the views of NIST or any 

other supporting U.S. government or corporate organizations. 
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